. Therefore, the regulation dynamics described with ODE equations can be approximated by a stochastic walk on a weighted network (Epigenetic State Network or ESN) whose nodes correspond to the fixed-point attractors,
One theoretical approach towards modelling cell reprogramming relies on a set of coupled differential equations, offering a quantitative description of gene regulation dynamics [7] [8] [9] .
Alternatively, Waddington suggested an epigenetic landscape picture 10 of establishing cell fates during development that resembles a ball rolling down a "Landscape" to the point of lowest local elevation 11 , where the axes and basins represent molecular concentrations and stable cell phenotypes, respectively 8, [12] [13] [14] . The Waddington's epigenetic landscape is analogous to the energy landscape concept widely used in chemistry and physics studies, e.g. in protein physics each basin represents one stable protein conformation 15 . The emphases of these two approaches, however, are sharply different. The ODE model integrates molecular biology details piece-by-piece, from which the system dynamics can be deduced quantitatively. Nevertheless, the involvement of a large number of genes and lineages during cell reprogramming has led to increasing awareness that a global view of the system dynamics is necessary. The quantitative and detailed description of a highdimensional dynamic system provided by an ODE model, ironically, makes it challenging to generate a global view. In contrast, the popular Waddington's landscape concept provides an intuitive and transparent birds' eye view, yet may only serve as a phenomenological metaphor lacking of either mechanistic details or quantitatively predictive power 16 . Since the last decade, many efforts have been made towards quantifying the epigenetic landscape 16, 17 , yet systematic application and analysis beyond simple model systems is still missing. In particular, generalization of rigorous descriptions 17 to higher dimensions is challenging (SI Section 1). Here we present a novel approach that allows us to construct epigenetic landscapes quantitatively from ODE models, offering a unified framework capturing the reprogramming dynamics at large scales.
The long term behaviour of a dynamic system is largely determined by its attractors 18 . For cell reprogramming, we are particularly interested in the fixed-point attractors that 4 represent different cell phenotypes. The fact that the fixed-point attractors are stable under infinitesimal perturbation implies that the cell phenotypes are robust most of the time.
However, stochastic noise provides an unbounded perturbative force that drives the cell from one state to others 16 . The pair of most probable transition paths between two neighbouring attractors in general pass around a first-order saddle point (fixed-point with only one component unstable) 17, 19, 20 . Therefore, the regulation dynamics described with ODE equations can be approximated by a stochastic walk on a weighted network (Epigenetic State Network or ESN) whose nodes correspond to the fixed-point attractors,
and edges (i.e., links between nodes) represent the first-order saddle points connecting two neighbouring attractors with the weight associated with each edge representing the transition rate. Figure 1 demonstrates the ESN approach applied for a two-gene (x 1 , x 2 ) regulatory circuit, a simple prototype model sustaining multiple cell reprogramming paths 8, 12 . The vector field in Fig. 1A and the associated ESN in Fig. 1B reveal three paths: the first two occur through a progenitor with both x 1 and x 2 high then differentiating into another phenotype (x 1 high and x 2 low, or x 1 low and x 2 high), and another is a direct path connecting the two phenotypes without going through the progenitor. Furthermore, Fig. 1C , Table S2 and S3
show that both the number of fixed-point attractors and network topology change with different kinetic parameters. In this case, ESN provides an alternative representation of cell differentiation and reprogramming that captures the major dynamics of the underlying two dimensional vector fields (see Fig. 1A ), consistent with traditional approaches such as bifurcation analysis 18 . However, the vector field of a large system is not directly visible and the corresponding lower dimensional profile offers only partial information of the underlying landscape. The ESN approach, however, coarse grains the essential characters of an arbitrary dimensional dynamic system into a low-dimensional network graph and thus can reveal the global features transparently.
To demonstrate the practical power of our approach, we apply the ESN analysis to the FBiPSC-CM system. This system has received much attention within the last few years [1] [2] [3] [4] [5] , and experiments have shown FB to CM reprogramming through iPSC, as well as direct/indirect transdifferentiation ( Fig. 2A ). This system can be modelled by a 10-master gene regulatory circuit ( Fig. 2B ) based on the IPA ® (@Ingenuity) database (SI Section 2).
The chromatin status determining the accessibility of associated regulators is the key factor that controls different cell phenotypes 21 . We are particularly interested in the reprogramming dynamics under three different "plastic" chromatin statuses 21 To investigate the reprogramming dynamics quantitatively, we measure for all three ESNs the transition rates for each pair of neighbouring states. The fact that the transition rate distribution is highly uneven indicates that the reprogramming dynamics is mostly dominated by those paths with large transition rates (or equivalently, small passage times) (Fig. S6) . Therefore, we calculate the minimum-spanning tree (MST) that captures the Fig. 4A ) 27 , , confirmed the prediction from the PR-ESN (Fig. 3D) . To examine the predicted state heterogeneity, we take the SC states (red color nodes in Fig. 3A-C (Fig. 3D) , we predict an intermediate state (FC) in which both the FB and CM regulators are turned on. Experiment on the mouse embryo cardio fibroblast cells (MECF) 25 found very similar expression pattern (Fig. 4D) 27 , and more experiments in future are needed to complete the validation. Table 2 summarizes the predicted major pathways along with its supporting experimental results.
Methods

ODE model -We use following ODE model to describe the reprogramming dynamics
where each component of x represents the expression level of each gene, the term F describes the gene interactions (λ and ζ reflect chromatin open/close status and other intrinsic and environmental control parameters, respectively), and the stochasticity term η satisfies <η i > =0 and <η i (t)η j (t')> = 2D ij δ(t-t'), where the matrix D characterizes the strength of the stochastic noise (see SI Section 1).
Transition Rate -The transition rate k ab estimated by the Wentzell-Freidlin theory for sufficiently small noises (SI Section 5, Fig. S11 ) is
where the integration is performed over the optimal path that minimizes the integral.
Therefore Eq. (1) can be approximated by a master equation describing the network
where the i-th element of z is the probability of finding the system in epigenetic state i, and is the transition matrix determined by the edge weights.
ESN construction -We construct the ESNs from ODE models by searching for both fixedpoint attractors and first-order saddles through a conditional root-finding algorithm (SI Section 6). To achieve ensemble space appropriate for all chromatin statuses considered we use the following boundary conditions: For PR-ESN we set the chromatin region of CM The yellow circles enclosing some pie diagrams indicate the pre-required states (see details in Table S3 ). Sub-phenotypes of iPSC with different epigenetic memories. Low-efficiency pathway from fibroblast to iPSC avoiding passing through or becoming trapped in the pre-iPSC cell stage.
Cell State
Direct transdifferentiation from fibroblast to cardiomyocyte without passing through cardiac progenitor.
Indirect transdifferentiation from fibroblast to cardiomyocyte through cardiac progenitor.
Major pathway of reprgramming fibroblast to iPSC by passing through pre-iPSC state.
Pathway Table 2 : List of experimental supports of predicted transition pathways of reprogramming and transdifferentiation.
